We have studied the behavior of a number of sequence statistics, mostly Theoretical Biology and indicative of protein coding function, in a large set of human clone sequences Biophysics Group Los Alamos National randomly selected in the course of genome mapping (randomly selected clone sequences), and compared this with the behavior in known sequences Laboratory, Los Alamos containing genes (which we term genic sequences). As expected, given the NM 87545, USA higher coding density of the genic sequences, the sequence statistics studied behave in a substantially different manner in the randomly selected clone sequences (mostly intergenic DNA) and in the genic sequences. Strong differences in behavior of a number of such statistics are also observed, however when the randomly selected clone sequences are compared with only the non-coding fraction of the genic sequences, suggesting that intergenic and genic non-coding DNA constitute two different classes of non-coding DNA. By studying the behavior of the sequence statistics in simulated DNA of different C + G content, we have observed that a number of them are strongly dependent on C + G content. Thus, most differences between intergenic and genic non-coding DNA can be explained by differences in C + G content. A + T-rich intergenic DNA appears to be at the compositional equilibrium expected under random mutation, while C + G richer non-coding genic DNA is far from this equilibrium. The results obtained in simulated DNA indicate, on the other hand, that a very large fraction of the variation in the coding statistics that underlie gene identification algorithms is due simply to C + G content, and is not directly related to protein coding function. It appears, thus, that the performance of gene-finding algorithms should be improved by carefully distinguishing the effects of protein coding function from those of mere base compositional variation on such coding statistics.
Introduction
Only on the order of 1% of the human genome has been sequenced to date. This fraction consists primarily of sequences for genes that are either highly expressed or of particular interest, and therefore unlikely to be representative of the genome as a whole. The current trend towards sequencing large genomic regions (e.g. Wilson et al., 1994; Koop et al., 1994) , randomly chosen cDNAs (e.g. Waterston et al., 1992; McCombie et al., 1992) and randomly selected clones (RSCs) chosen in the course of genome mapping (e.g. Smith et al., 1993) will contribute to a more accurate view of overall genome structure. Of the resources just named, probably the sequences of clones randomly chosen in the course of genome mapping give the least biased sample of genomic DNA.
We have collected an extensive sample of human RSC sequences (RSCS): nearly 3000 sequences from chromosome 4, 7 and 11, totalling more than 750 kb, likely to constitute a fairly unbiased sample of the human genome sequence. We have studied the behavior of a number of sequence-derived measures, most of them usually thought to be indicative of protein coding function. Such measures are generally known as coding statistics, since their behavior is statistically distinct on coding and non-coding regions. Although the determination of coding statistics and the characterization of their behavior constitutes one of the most widely studied of all pattern recognition problems in molecular biology (see Fickett & Tung, 1992 for a review), to date the behavior of coding statistics has only been well-characterized in genic DNA, that is, DNA from exons, introns, and flanking regions, including promoter regions, of genes. The reason is that the vast majority of human sequences currently available from the nucleotide sequence databases correspond to genic DNA. However, non-genic DNA, which we will term here intergenic DNA, may make up to more than 90% of the human genome. The RSCS data collected here offers the first possibility to investigate the characteristic sequence features of human DNA, other than genic, and in particular, to systematically study the behavior of different coding statistics in such a class of DNA.
Besides the theoretical interest of elucidating the sequence features characteristic of the different genome domains, which could contribute to the understanding of their functional meaning, and evolutionary history, such a task has also a practical interest. Indeed, the ability to differentiate at the sequence level between genic and intergenic DNA (and not only between coding and non-coding DNA) would facilitate the task of gene identification. It would for instance help to pinpoint those regions in large genomic fragments where genes are likely to occur. Also, it would help one to determine, in the course of shotgun sequencing, whether a single gel sequence came from a genic or intergenic region within the genomic fragment being sequenced. Such information could in turn be used to focus further sequencing on those regions along the genomic fragment of greater potential interest. In addition, it could also contribute to the task of identifying coding regions within anonymous DNA sequences. Indeed, although the current generation of coding statistics have been developed using the properties of genic DNA alone, they are now being applied to genomic DNA. We will show below that there are substantial differences between genic non-coding and intergenic DNA, so that current sequence statistics will probably need to be re-evaluated by taking into account also the properties of intergenic DNA.
First, we have compared the behavior of a number of coding statistics in the RSCS and in human genomic sequences from the database entries annotated as containing protein coding regions (which we term genic entries). A large fraction, if not most, of the RSCS are likely to correspond to intergenic DNA, while most of the sequences from the database genic entries are likely to correspond to genic DNA (coding and non-coding.) As expected, given the higher coding density of the sequences from the genic entries (genic sequences), the coding statistics studied behave in a substantially different manner in the RSCS and in the genic sequences. However, we have also found substantial differences in the behavior of such statistics between RSCS and the non-coding fraction of the genic sequences. Such results indicate that two differentiated classes of non-coding DNA, genic and intergenic, should be considered. Since differences at the sequence level are likely to result from differential selection, these two classes of non-coding DNA are likely to be involved in different functions. Indeed, the A + Trich intergenic DNA appears to be at the compositional equilibrium expected under random mutation alone, while the C + G richer genic non-coding DNA is far from such equilibrium, suggesting that its base composition is influenced by a functional constraint.
Second, we have also studied the behavior of the coding statistics in sets of simulated DNA sequences of varying C + G content, and we have found that a number of coding statistics are strongly dependent on such a content. Such a result suggests that the differences observed among different classes of DNA can be simply explained by differences in C + G content. In particular, the different behavior of a number of coding statistics in coding and (genic) non-coding DNA could simply reflect differences in C + G content.
In addition, we have observed that random non-coding DNA with high C + G content can produce an even stronger coding signal than truly coding DNA when coding potential is measured with such widely used statistics as, for instance, hexamer count or codon usage. Such a result indicates that a number of widely used coding statistics are actually measuring C + G content rather than coding potential. Thus, it offers an explanation of the recently noted fact (Xu et al., 1994; Snyder & Stormo, 1995) that the performance of many gene identification programs is sensitive to C + G content, and suggests that sequence statistics currently used to locate coding regions should be re-evaluated such that their potential dependence on C + G content be taken into account.
Results

Preliminary screen
A preliminary screen of the RSCS against several databases was made to uncover any possible differences between standard expectations of intergenic DNA and this sample. The BLAST suit of programs was used (Altschul et al., 1990) . The whole RSCS, and not the sequence windows, were considered. The databases used were the RPTS database of prototypic sequences for human repetitive DNA (Jurka et al., 1992) , the ''non-redundant'' (nr) combined amino acid sequence database (Altschul et al., 1994) , the dbEST database of expressed sequence tags (Boguski et al., 1993) , and the GenBank database. In summary, about 30% of the RSCS matched repetitive elements. An RSCS was assumed to match a repeat if the probability of the HSP score of the BLAST local alignment was smaller than 0.005. The major families of repetitive DNA matched by the RSCS correspond to ALU sequences (14% of the RSC sequences), LINE elements (7%), CA repeats (3%, mostly corresponding to sequences from chromosome 4), MER sequences (2%), and O interspersed repeats (1%). Only 25 RSCS (less than For each of the given classes of 240 bp sequence windows, the following are given: fraction of each base, fraction of A + T, fraction of all windows in the class that are, in some frame, entirely within an ORF. (The sum of A, C, G, and T fraction is only 98% for the RSCS, due to ambiguous bases in the sequences.) In randomly generated DNA (see the text) of different A + T contents (first column), the fraction of 240 bp windows that are, in some frame, entirely within an ORF is given (second column). 1%) had unquestionable matches to known amino acid sequences, but 23 additional RSC sequences showed weak, but statistically significant, similarity (p < 0.005), to amino acid sequences. RSCS not matching sequences in the RPTS or nr databases were further screened against the dbEST database. Between 26 RSCS (less than 1%) and 92 RSCS (3%) showed some degree of similarity (HSP > 250, and HSP > 150, respectively) to cDNA sequences. Finally, remaining RSC sequences were screened against the GenBank database. Between 55 RSC sequences (2%) and 257 RSC sequences (10%) showed some degree of similarity (HSP > 250, and HSP > 150, respectively) to DNA sequences in the database. Thus, we can conclude that at least 60% of the sequences analyzed did not show similarity to previously known sequences.
Nucleotide composition (C + G content)
We have studied the nucleotide composition of the RSCS and the sequences from the database genic entries. Results obtained on the 240 base sequence windows appear in Table 1 . RSC sequences are A + T-rich (59% A + T), whereas in non-CDS sequence windows the four nucleotides appear with almost equal probability (52% A + T), and CDS sequences windows are G + C-rich (56% C + G).
ORF occurrence
We have computed the proportion of RSCS and genic 240 bp sequence windows occurring entirely within an ORF in at least one of the six frames. Results appear in Table 1 (see also Figure 2 (f)). 39% of the genic sequence windows occur within an ORF, while only 13% of the RSCS windows do. Thus, intergenic DNA seems to be characterized by the relative absence of long ORFs, when compared with other classes of DNA. Interestingly, 27% of the non-coding windows from genic entries occur within an ORF. That is, even though RSCS windows are likely to include at least some coding regions, they occur within an ORF with only half the frequency of the non-coding windows from genic entries, which in principle do not contain coding regions. We have also computed ORF occurrence of the different A + T content randomly simulated DNA sets. The fraction of 240 bp windows occurring within an ORF in at least one of the six frames for each A + T content appears in Table 2 and Figure 2(f). As is possible to see, ORF occurrence is positively correlated with C + G content. In fact, small changes in C + G content may have a large effect on ORF occurrence. We note that such a correlation is what one should expect from a purely statistical standpoint: long ORFs are more likely to occur in C + G-rich regions than in A + T-rich ones, since the probability of stop codons (TAA, TAG, TGA) and their reverse complements (TTA, CTA, and TCA) increases with A + T content.
On the other hand, ORFs occur in the RSCS windows, and in the coding and non-coding genic windows, with greater frequency than that found in random (Markov) DNA (see Figure 2 (f)). The difference is small and is probably mostly explained by the non-uniformity of C + G content in each of the classes of DNA (thus for example a mixture of windows half of which have 60% C + G and half of which have 40% C + G has more ORFs than one which is uniformly 50% C + G). We cannot rule out, of course, some positive selection for ORFs.
Coding statistics
We have studied the behavior of several coding statistics, first in the genic and RSC sequences. The statistics studied are linear discriminant functions based on codon frequency (CDN), dicodon frequency (DIC), hexamer frequency (HEX), diamino acid frequency (DIA), and periodicity in base occurrence (Fourier transform, or FOU) . In Figure 1 the relative frequency distribution of these statistics appear in the set of RSCS, genic CDS and genic non-CDS 180 bp sequence windows. The average values of the statistics in these sets appear in Figure 2 . For a number of the above coding statistics (CDN, DIC, and HEX), non-CDS genic windows appear to exhibit an intermediate distribution The tail of the distribution is lumped into the end bins in each case. Note that while for the diamino acid and Fourier statistics, intergenic and genic non-coding DNA behave essentially the same (t-values for the difference of means are 3.1 and 1.5, respectively), for codon, dicodon, and hexamer; on the contrary, genic non-coding DNA appears to exhibit a different behavior (closer to coding) than does intergenic DNA (t-values are 27.3, 25.3 and 27.0, respectively). between RSCS windows and CDS windows. That is, it would appear that non-coding genic DNA resembles coding DNA more than intergenic DNA does. However, this is probably due mostly to simple differences in base composition.
We have also studied the behavior of the coding statistics in the sets of random DNA of different A + T content. We have computed the mean value of the statistics in each set. Their values as a function of A + T content are plotted in Figure 2 . Here we have also plotted the values corresponding to genic CDS, genic non-CDS and RSCS. As it is possible to see, CDN, DIC, and HEX are strongly dependent on C + G content. DIA is less dependent, and FOU appears to be essentially independent of C + G content. It will be seen that when the contribution of C + G content to the value of the coding statistics is taken into account, the resemblance between genic non-CDS and CDS disappears.
On the other hand, the mean value of all coding Note that for the statistics based on DNA oligomer counts (codon, dicodon, and hexamer) a large part of the behavior is simply the result of C + G content variation. The Fourier statistic, on the other hand, is essentially independent of C + G content, and the diamino statistic nearly so. Note also, that while in all cases the average value of the coding statistic in coding DNA is higher than the value expected on random DNA of the same C + G content, random DNA very rich in C + G can mimic codon, dicodon, and hexamer behavior in coding DNA; it can even give a stronger coding signal with these statistics than does true coding DNA. This is not the case for the DIA and FOU statistics. (f) Dependence of ORF occurrence on A + T-content. The fraction of 240 bp windows occurring within an ORF for simulated DNA samples of varying A + T-content (Table 2) . Also shown is the fraction of windows occurring within an ORF in intergenic (RSCS) windows (square), non-coding windows from genic entries (diamond), and coding windows from genic entries (triangle).
statistics on genic CDS is much higher than the value expected on random DNA of the same C + G content. However, high C + G content can mimic DIA, DIC and HEX behavior in coding DNA. Indeed, random DNA very rich in C + G content can produce an even stronger coding signal, as measured by DIA, DIC, or HEX, than truly coding DNA. For instance, while HEX mean value on non-CDS DNA is −18.54, and on coding DNA is 11.29 (see Figure 2) , on random DNA with a 81% C + G content, HEX mean value is 29.88. Specific C + G content, though, cannot mimic the behavior of DIA or FOU on truly coding DNA. The DIA mean on the non-CDS set is −0.04 and on the CDS set is 5.17, while the highest value of DIA mean found on random DNA (81% C + G) is only 1.17. Similarly, FOU mean on the non-CDS set is 0.91 and on the CDS set is 2.23, while the highest value of FOU mean found on random DNA (48% C + G) is only 0.93.
Discussion
We have presented here the results of the analysis of a large set of randomly selected clone sequences (RSCS) from different human chromosomes, one of the largest random samples of the human genome sequence so far analyzed. First, we have compared the RSCS with the known sequences in the public databases. Results obtained are consistent with the postulated low coding density of the human genome and its highly repetitive nature. Less than 2% of the RSCS have unquestionable matches to sequences with protein coding function, and about 30% of the RSCS match known repetitive elements, mostly members of the ALU and LINE families. No new major families of repetitive DNA could be identified when further clustering of the RSCS according to sequence similarity was attempted.
We have studied the behavior of a number of sequence properties on the RSCS and compared it with their behavior on the human genomic sequences from the database entries annotated as containing protein coding regions. We term such sequences the genic sequences, since they correspond mostly to genic DNA, in contrast with the RSCS, which correspond mostly to intergenic DNA. Strong differences appear between the RSCS and the genic sequences, indicating the overall characteristics of the human genome sequence are likely to differ significantly from the characteristics of the human sequences known so far. In particular, when compared with the genic sequences, RSCS are statistically characterized by high A + T content, absence of ORFs, and overall low coding potential, as measured by a number of coding statistics.
Most such results can obviously be explained by the higher coding density of the genic sequences. However, strong differences still persist when only the non-coding fraction of the genic sequences is considered. Indeed, RSCS are overall A + T richer and have less ORFs than non-coding genic sequences. Also, they appear to exhibit a lower coding potential, as measured by a number of coding statistics although not for all of them. Specifically, significant differences between RSCS and noncoding genic sequences can be observed in the behavior of the codon usage (CDN), dicodon frequency (DIC), and hexamer composition (HEX) statistics, but not in the behavior of the periodicity (FOU), and diamino acid composition (DIA) statistics (see Figure 1) .
The results obtained on random DNA of varying C + G content show that most of such differences observed between intergenic and genic non-coding DNA can be explained by differences in C + G content. We have observed, first, that ORF occurrence is strongly correlated with C + G content. The higher the C + G content, the higher the frequency of long ORFs ( Table 2 ). As we have already pointed out, such a correlation should be expected from a purely statistical standpoint: long ORFs are more likely to occur in C + G-rich regions than in A + T-rich ones, since the probability of stop codons increases with A + T content. Similarly, we have observed that CDN, DIC, and HEX are strongly dependent on C + G content; their values in C + G-rich DNA being closer to those observed in coding DNA than their values in A + T-rich DNA, while DIA appears to be less dependent, and FOU is essentially independent on C + G content (Figure 2 ). That is, those properties that differentiate intergenic from genic non-coding DNA (ORF, CDN, DIC, HEX) are strongly dependent on C + G content, while those properties that do not differentiate between these two classes of DNA are less dependent (DIA) or almost independent (FOU). Since genic non-coding DNA is C + G richer than intergenic DNA, it appears that most of the differences observed between intergenic and genic non-coding DNA can be simply explained by the difference in C + G content. Indeed, we have found (Figure 2 ) that for the coding statistics studied, the mean value observed in the RSCS, and genic non-coding sequences is essentially the value expected for random DNA of the same C + G content.
The differences observed between intergenic and genic non-coding DNA indicate that they constitute two distinct classes of non-coding DNA, thus are likely to be involved in different functionality. Indeed, it is known that the different nucleotide substitutions are not equally probable. Gojobori et al. (1982) , and Li et al. (1984) have estimated the relative mutation rates among the four nucleotides in mammals by studying the nucleotide differences between pseudogenes, in which mutations accumulated without being subjected to selection, and their functional counterparts. They found that substitutions from C to T, and from G to A are much more frequent than the other substitutions. Without selective constraints, thus, the DNA sequence would evolve towards an A + T-rich nucleotide composition. Indeed, the mutation matrix of Li et al. (1984) is a transition matrix, and, therefore, one can obtain the equilibrium distribution of the nucleotide frequencies. The series of powers of this matrix converge quickly and the nucleotide frequencies at the equilibrium are A 0.30, T, 0.38, C 0.17, and G 0.15. The overall A + T content at the equilibrium is higher than the one estimated from the RSCS sequences. However, RSCS sequences do contain a significant fraction of (C + G richer) genic DNA, and the mutation rates from Li et al. are only approximate estimates. Thus, the overall A + T content of actual intergenic DNA could actually be close to that expected under random mutation, and, it appears that no major selective constraints are acting on the composition of intergenic DNA, although they may be acting on its very existence.
On the other hand, and according with the same reasoning, one does need to postulate the influence of a selective constraint acting to maintain genic non-coding DNA far from the A + T-rich equilibrium expected under random mutation alone. The fact that genes tend to occur in locally C + G-rich regions, and so their non-coding regions, is a well known one. It has been estimated that the concentration of genes in the C + G richest fraction of the human genome can be five to ten times higher than the concentration of genes in poorer C + G regions (Bernardi, 1989) . A number of hypotheses have been proposed to explain gene occurrence in C + G-rich regions. Most such hypotheses, however, can only explain the high C + G content observed in the gene coding regions, but not the relative high C + G content we have observed in the gene non-coding regions. In this regard, one possibility is that the high C + G content characterizing genic non-coding DNA could have direct selective value via the implied abundance of long ORFs. Indeed, it appears that abundance of ORFs in genic regions, including the non-coding regions, would result in higher adaptive plasticity: genes occurring in C + G-rich regions would have a large number of alternative ORFs ''at hand'' to build their final products. This would be particularly true in genomes where genes are spliced. In fact, it appears that a mechanism such as splicing would more easily appear and evolve in a C + G-rich sequence environment. In such an environment, abundance of ORFs would allow for the combinatorial assembly of a diversity of products, that could be submitted to the trial of evolution. In that sense, it is interesting to point out that in the yeast (Saccharomyces cerevisiae) genome, where there is essentially no splicing, genes tend to occur in A + T-rich regions. For instance, the overall A + T content of yeast chromosome III is 0.61, very close to the A + T content of the human RSCS, but the A + T content of the postulated protein coding regions is only slightly lower, 0.59.
Another possible relation between the high C + G content of genic non-coding sequences and a functional constraint is an indirect one, related to DNA damage repair. It has been shown that VSP mismatch repair in Escherichia coli is likely to explain at least part of the base compositional heterogeneity in that genome (Gutierrez et al., 1994) . VSP repair increases C + G content, and seems to be positively correlated with high expression levels of genes. In human, as well, there are DNA damage repair enzymes that, because they do not recognize the difference between the ''correct'' and ''incorrect'' strands, are capable of making the original strand match a mutated one, rather than vice versa, and whose action is known to be correlated with transcription (see Hanawalt, 1994 for an overview).
In summary, results obtained on the RSC sequences provide a first, fragmentary, but hopefully representative, high resolution picture of the human genome at the sequence level. At such a resolution, the human genome appears as an A + T-rich landscape locally punctuated by C + G-rich regions. The major A + T-rich fraction is essentially at the compositional equilibrium expected under random mutation. Full of stop codons because of the elevated A + T content and, therefore, with relatively rare ORFs, it is an unlikely place for genes to occur, and it would mostly correspond to intergenic DNA. Most genes would be located at the minor C + G richer fraction, which is far from compositional equilibrium. The abundance of ORFs characterizing such a fraction, would potentially allow for the genes to encode a diversity of products (McKeown, 1992) .
On the other hand, results obtained on random DNA are also interesting because they revealed unexpected features of the behavior of the so-called coding statistics, and, in that sense, may contribute to elucidating the truly distinctive characteristics of coding DNA. Indeed, we have seen that a number of the sequence statistics thought to be indicative of coding regions in genomic DNA depend on sequence properties other than protein coding function. In particular, the results that we have obtained suggest that those statistics depending on codon usage, like CDN and DIC, and on oligonucleotide composition, like HEX, are strongly dependent on C + G content. The dependence is linear, and has a different slope for each statistic. The dependence is so strong that such coding statistics may be misled by DNA rich in C + G. Indeed, we have found that for random DNA very rich in C + G, CDN, DIC, and HEX may give a stronger coding signal than for truly coding DNA (Figure 2 ). Since most widely used gene identification programs, for example GRAIL (Uberbacher & Mural, 1991) , GeneID (Guigó et al., 1992) , and Geneparser (Snyder & Stormo, 1992) (to name only a few), rely strongly on sequence statistics derived from codon usage and oligonucleotide composition, this result suggests that as these programs are used to explore DNA of more extreme base composition, they might be led to report false positives in regions of high C + G content, and false negatives in regions of higher A + T content. Indeed, it has been recently noted that the performance of such programs is dependent on C + G content, with programs performing worse on low C + G content genes. The first attempts to improve performance of gene identification programs in A + T-rich sequences have also been recently published. Xu et al. (1994) make two alterations to the GRAIL program. First, average C + G content is used as one input to the program component evaluating all evidence for or against a putative exon. Second, hexamer counts are measured separately for ''high'' and ''low'' C + G content reference sets, and then linear interpolation is used to make a set of counts intended to be appropriate for the C + G content of the test sequence. Snyder & Stormo (1995) separately calibrate GeneParser in For each chromosome, and overall, the sequence data obtained from sequencing of randomly chosen clones (see the text), and before being broken into windows, is described.
low, intermediate and high C + G training sequence sets, and, then, use the appropriate parameters given the C + G content of the test sequence. The results presented here, in which we show that there exist a linear dependence of the underlying coding measures on C + G content, offer an explanation of such an observed degradation of performance of gene identification programs in A + T richer genes, and provide for a more rigorous design approach to improve their performance. For instance, we suggest that linear dependence of coding statistics on C + G content be estimated on sets of simulated random DNA sequences of varying C + G content, and, then, deviation from expected given C + G content be used on the test sequences, instead of the absolute value of the statistics.
Materials and Methods
The behavior of a number of sequence derived properties have been studied on three sets of sequences, a set of human RSC sequences, a set of human genic sequences from the nucleotide sequences databases, and a set of random simulated sequences generated according to a Markov model. Given the disparity on the lengths of the sequences from these different sets, all sequences have been decomposed into successive, non-overlapping windows of uniform length. Two different window lengths have been considered. 240 bp windows were used to study ORF occurrence, since the longer the sequence, the greater the chance of detecting longer ORFs. However, longer windows imply also a greater amount of original sequence lost (this is particularly true for the RSCS: more than half of the sequence from RSC is lost when 240 bp windows are extracted). Thus, 180 bp windows were used for the remaining analysis, nucleotide composition and coding statistics behavior, where very long windows were not crucial.
Human RSC sequences
Two mapping projects (that of E. Green, mapping chromosome 7; , and that of G. Evans, mapping chromosome 11; Smith et al., 1993) have kindly supplied us with completely unfiltered human RSC sequence data. Another sample was obtained from the sequences submitted to the public databases by the Stanford chromosome 4 mapping project. This last sample was slightly more biased because sequences not yielding STSs had been discarded prior to submission. All of the RSC sequences were screened against the synthetic division of the database to detect vector, and the vector sequences were removed. Thus, 2921 sequences randomly obtained from human chromosomes 4, 7, and 11 were analyzed (Table 3) . They summed to more than 750 kb, and constitute one of the largest random samples of the human genome so far analyzed.
The RSCS have been decomposed in 240 bp and 180 bp sequence windows (Table 4) . Windows with more than five ambiguous (other than A, C, G or T) bases were removed. In the remaining windows there is an average of 1% ambiguous bases.
Human genic sequences
Human sequences containing the feature key CDS (that is, annotated as containing protein coding regions) were extracted from the relational GenBank (Cinkosky et al., 1991;  this database is now the Genome Sequence DataBase) corresponding to the flat file release 71. The great majority of these entries contain a (sometimes partial) gene and at most a few hundred bases on one or both sides. They consist mostly, then, of exons, introns, and transcribed but not translated flanking regions. Some non-transcribed DNA is also included, of course, and this fraction will increase in such entries as the genome project progresses. But when these data were extracted, the entries consisted almost entirely of genes and the immediately surrounding The number of windows, and the total number of base pairs in each, is described for each of the window sets used.
DNA. Thus we term these genic entries, and will speak of the data as genic sequence.
240 bp and 180 bp sequence windows were extracted from these sequences (Table 4) . We distinguish between coding windows, fully within an annotated CDS (CDS windows), and non-coding windows, fully outside of annotated CDSs (non-CDS windows). The CDS windows correspond to coding DNA, and the non-CDS windows to non-coding genic DNA. The remaining windows are partially coding, and were not generally used in our analysis.
Simulated human random sequences
Simulated random DNA was generated according to a Markov model. Twelve 700 kb sequences were generated, each one with a different A + T content. Indeed, the range of A + T content occurring in reported human genomic sequences was partitioned into 12 bins, with mean values as given in Table 2 , and for each bin the maximum likelihood one step Markov model was derived from all sequence windows in the database with A + T content within that bin. (A one step model was used because the BIC test for the dimension of a model typically gave results of step length one or two when sequence data was restricted to a narrow A + T content range .) The sequences obtained were decomposed in 240 bp and 180 bp windows (Table 4) .
We have studied a number of sequence-derived properties on the above sets of sequence windows. We have specifically studied nucleotide composition, ORF occurrence, and the behavior of a number of coding statistics. In searching for ORFs only stop codons formed entirely from non-ambiguous bases were recognized. The coding statistics considered were derived from codon frequency (CDN), dicodon frequency (DIC), hexamer frequency (HEX), diamino acid frequency (DIA), and periodicity in base occurrence (FOU). In each case, a function to discriminate coding from non-coding DNA was derived using linear discriminant analysis on the windows of database genic entries (for details see Fickett & Tung, 1992; Fickett & Guigó , 1993) . In computing word frequencies for the coding statistics, words with ambiguous bases were discarded, and all the other counts multiplied by a weighting factor to make a full count complement.
